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OmanAbstract Vegetation abundance in and around Sultan Qaboos University (SQU), Muscat, Oman
and its response in Geoeye-1 high resolution imagery are studied using different image processing
methods namely band ratioing, parallelepiped, Normalized Difference Vegetation Index (NDVI),
Principal Component Analysis (PCA), Minimum Noise Fraction (MNF) and linear spectral unmix-
ing. The developed band ratioing using the near infrared band (B4) as numerator, divided by visible
bands (B2 and B3) shows the vegetation are highly reﬂective in the near infrared and absorptive in
the visible bands. The RGB images produced using PCA uncorrelated output bands with the band
of NDVI and the MNF inherent dimensional bands with the band of NDVI determined the more
representative components for vegetation based on the spectral variations. The PCA and MNF
bands processed by linear spectral unmixing shows a plausible coherence with the ﬁeld observa-
tions, proving that the processing strategy applied on multispectral data is useful for vegetation
abundance analysis in the study area. The assessment of accuracy for the occurrence and spatial
distribution of vegetation provided the overall accuracy of 100% with Kappa Coefﬁcient = 1 in
the matrix of parallelepiped and compared with the Spectral Angle Mapper (SAM) and Spectral
Information Divergence (SID) algorithms. The evaluation of the results was done by visual compar-
ison and accuracy assessment of the classiﬁed images and the ﬁeld/ancillary data.
 2016NationalAuthority forRemote Sensing and Space Sciences. Production and hosting byElsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).1. Introduction
Vegetation plays an important role in the ecological, social,
health and economic beneﬁts of a place of inhabitants. Moni-
toring vegetation growth and its health are costly and require
considerable human resources. Nowadays, these are tradition-
ally relied on ground surveys and monitoring programs
(Alexander and Palmer, 1999; Cumming et al., 2001; Xiao
298 S. Rajendran et al.and McPherson, 2002). Remotely sensed data from earth
observation satellites contribute signiﬁcantly to vegetation
analysis and monitoring (Ustin and Xiao, 2001; Pouliot
et al., 2002; Erikson, 2004; Mondal et al., 2014). They make
it easier to conduct frequent updates, and allow the extracting
of historic information on trends of vegetation, agriculture and
land use abundance (Dutta et al., 2015; El-Hattab, 2015; Kato
et al., 2012; Aboelghar et al., 2011; Al-Harbi, 2010). Al
Rawashdeh (2012) used the Change Detection Method Based
on Normalized Vegetation Index and assessed the Environ-
mental status of eastern parts of Jordan. Setiawan and
Yoshino (2011) studied the land use change detection by char-
acterizing the vegetation dynamics at the Java Island of
Indonesia. In 2010, Celik studied image change detection using
Gaussian mixture model and genetic algorithm. The currently
available high resolution satellite or airborne color infrared
data are typically acquired from three spectrum windows: near
infrared (NIR), red, and green which allow a detailed mapping
of individual vegetation elements at local scales and are
required for applications related to sustainable vegetation
management at strategic or higher levels of planning. The med-
ium resolution images ideally suited for synoptic mapping that
have long track records, are cheaper and often available for
free (Wang and Zhang, 2004). Procedures to extract such
information from digital imagery are generic and lead to
results that are comparable among different areas. These are
ideal for monitoring purposes at regional, national or suprana-
tional scales. Vegetation indices, namely Normalized Differ-
ence Vegetation Index (NDVI), have been widely used for
vegetation mapping or health condition detection
(Richardson and Everitt, 1992; Birky Alicia, 2001; Fabio,
2004; Moser and Serpico, 2009; Celik, 2010; Setiawan and
Yoshino, 2011; Al Rawashdeh, 2012). Growth of Sultan
Qaboos University (SQU), Muscat, Oman, requires a study
on the occurrence and abundance of vegetation and its related
environment for its sustainable management and to safeguard
the quality of university environment. Thus, the present study
focuses on extracting information on the abundance of recent
day vegetation using Geoeye-1 high resolution image with
image classiﬁcations so that it can serve as basic information
to monitor SQU environment. For this purpose, we compared
the results of different image classiﬁcations at the level of
meaningful spatial entities. An attempt is also made here to
extract historical information on the spatial distribution and
trend of vegetation growth in and around SQU.2. Sultan Qaboos University and its environment
The study area is in and around Sultan Qaboos University
(SQU) (233502800N, and 581001500E), located in Al-Khod,
northeast of Muscat the Capital of Sultanate of Oman
(Fig. 1). The total area chosen in keeping the university center
covers 11.436 km2. It is located at the heart of the Al-Khod
Wadi that ﬂows between the Al-Khod area and Um Abillah
area. SQU construction started in 1982 and was completed
in the mid of 1986. The ﬁrst batch of students joined in
September 1986. At that time, the land cover types in and
around SQU were dry land, farm, dirt roads, and trees. After
a century, the developed primary land cover types are build-
ings, parking lots, streets, roads and paths, and trees and
grasses. At present, the larger trees are in the older sectionsof the campus. The plantations are before spring of each year
in and around SQU. Here, the climate is sunny, hot, and dry
with high humidity during summer and the area is cold with
rare rains during winter.
3. Satellite data
The analysis of vegetation abundance in SQU was carried out
using satellite data of Geoeye-1, the commercial imaging sys-
tem which collects images with a high ground resolution of
0.41-m (450–800 lm) in the panchromatic (PAN) or black
and white mode and multispectral or color imagery at 1.64-
m resolution (Blue: 450–510 nm, Green 510–580 nm; Red
655–690 nm and NIR 780–920 nm). Geoeye-1 offers excep-
tional geolocation accuracy, which means that customers can
map natural and man-made features to better than ﬁve meters
(16 feet) of their actual location on the surface of the Earth
without ground control points. The image data we used in this
study were acquired on 03rd February, 2010. It is PAN sharp-
ened and applied with geometric and radiometric corrections.
The subset contains the entire SQU campus and the good part
of its surroundings (Fig. 1). The geographical locations of the
area cover the east longitude 58090E–8110E and the north lat-
itude 23350N–23360N. To understand the information on the
development of vegetation about 25 years in SQU, we used the
RGB image subset of the 30 meter medium resolution Landsat
MSS, TM and ETM satellite data that were acquired on 15th
January, 1986; 18th January, 1987; 30th August, 1990; 28th
October, 2000; 27th January, 2005 and 27th October 2011.
Homogeneous atmospheric conditions in the image were
assumed, so no atmospheric corrections were performed. The
subsets of visible and infrared bands were processed and stud-
ied using ENVI 4.8 (EXELIS Visual Information solutions),
and ArcGIS 10 (ArcInfo level) from Environmental Systems
Research Institute (ESRI), the geo-spatial information analysis
software.
4. Image analysis
Using the high resolution type of remote sensing data with a
0.5 m resolution and applying suitable image processing meth-
ods, it is possible to acquire a rich set of information on the
occurrence and spatial abundance of vegetation with reference
to time. Though, several different methods for change detec-
tion analysis have been used from time to time to extract infor-
mation from remote-sensing imageries systematically like Post-
Classiﬁcation, Direct Classiﬁcation, Principal Component
Analysis and Change Vector Analysis, we used the methods
(a) band rationing using, a ﬁxed near infrared band (B4) in
the numerator, divided by each visible band (B2 and B3), (b)
NDVI, (c) PCA, to segregate noise, to decorrelate possible
redundant information and to concentrate the information of
interest into some speciﬁc principal components (PCs), and
similarly, (d) a Minimum Noise Fraction analysis (MNF)
(Green et al., 1988) as best to study the abundance of vegeta-
tion in SQU environment. During which, the comparison and
correlation of results of different methods were performed.
Especially, the informative bands of PCA and MNF were pro-
cessed with the results of NDVI to produce a better image for
the study of abundance of vegetation. Vegetation abundance
was calculated using parallelepiped classiﬁcation by working
PT – spectra of bright red pixels  
DT – spectra of dark red pixels  
Figure 2 Image spectra show the strong absorption in Band 2
and Band 3 and reﬂection Band 4.
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Figure 1 Shows the occurrence and distribution of vegetation in SQU environs in the Geoeye-1 RGB (4, 3, 2) image dated February
03rd, 2010.
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class on the choice of PCs and MNF components to separate
vegetation pixels through linear spectral unmixing analysis and
studied. All resulted images were compared and studied.
5. Vegetation extraction from high resolution satellite data
Interpretation of vegetation from remote sensing satellite data
includes the extracting information on the interpretation ele-
ments such as the vegetation color, texture, pattern and asso-
ciation information, etc. Several image processing methods
were developed to extract such information by providing the
ground truth details or references, and are grouped into super-
vised and unsupervised classiﬁcation under the digital image
processing techniques. These methods are available in most
of the image processing software. The spectral characteristics
of vegetation constituents in SQU related to Geoeye-1 spectral
bands (image spectra, Fig. 2) can be brieﬂy summarized as: (1)
the near infrared band (B4 780–920 lm) represents the high
reﬂectance due to the leaves’ transparent pigments and (2)
the visible bands (B2 Green 510–580 lm and B3 Red 655–
690 lm) represent the strong absorption feature associated
with photosynthetic pigments like chlorophyll-a, chlorophyll-
b and carotenoids, and photoprotector or color pigments like
carotenoids and anthocyanin. The spectra collected on bright
red pixels (spectra of PT series in Fig. 2) showed signiﬁcantstrong absorptions in the band B3 compared to the spectra
that were collected over dark red pixels (spectra of DT series
in Fig. 2) within the area of vegetation. The difference in
absorptions is due to the variations in the presence of vegeta-
tion constituents. Understanding these, the vegetation in and
around SQU was extracted by choosing selected methods as
300 S. Rajendran et al.given below and the results are discussed in subsequent
Section 5.
5.1. Band rationing
Band rationing techniques are used to enhance the spectral dif-
ferences between bands and reduce the shadow effects caused
by topography (Musick and Pelletier, 1986). In this study,
the image spectra were used as a reference to construct new
Geoeye-1 band ratio image where, the ﬁxed near infrared high
reﬂective band was used as numerator and divided by visible
band (b4/(b2 + b3), the absorption bands (Rajendran et al.,
2011). The developed band ratio extracted the occurrences of
vegetation as bright pixels by reducing the shadow effects on
topography and their spatial distribution is given in Fig. 3a.
5.2. Normalized Difference Vegetation Index
NDVI transforms multispectral data into a single image band
representing vegetation distribution. It is a most popular
approach to generate vegetation maps on remote sensing ima-
gery (Rouse et al., 1973; Di and Hasting, 1995; Krishnaswamy
et al., 2004) using the standard algorithm using red and NIR
bands i.e.
NDVI ¼ NIRRed
NIRþRed
The principle of applying NDVI in vegetation mapping is
that vegetation is highly reﬂective in the near infrared (edge
Band 4) and highly absorptive in the visible red (Band 3).
The contrast between these channels can be used as an indica-
tor of the status of the vegetation. In other word, we can say
that the NDVI is a biophysical parameter that correlates with
photosynthetic activity of vegetation, in addition to providing
an indication of the ‘greenness’ of the vegetation (Wang and
Zhang, 2004). It is also able to offer the valuable information
on the identiﬁcation and dynamic changes of speciﬁc vegeta-
tion species that occurred in the multiple-time images. The
NDVI values indicate the amount of green vegetation present
in the pixel. The valid results fall between 1 and +1. Higher
NDVI values indicate more green vegetation. The ENVI has
pre-set bands for AVHRR, Landsat MSS, Landsat TM,
SPOT, or AVIRIS data or you can enter the bands to use
for other data types. The image processed based on NDVI
(Fig. 3b) exhibits the brightest pixel as vegetation and shows
data values with a maximum of 0.68.
5.3. Principal Component Analysis (PCA)
The principal component (PC) bands are linear combinations
of the original spectral bands and are uncorrelated. The ﬁrst
PC band contains the largest percentage of data variance
and the second PC band contains the second largest data vari-
ance, and so on. The last PC bands appear noisy because they
contain very little variance, much of which is due to noise in
the original spectral data. In this study, all four bands of visi-
ble and near-infrared are processed by PCA to ﬁnd the data
variance and part of the images of resulted PC bands is given
in Fig. 4. The basic statistics of analysis are given in Table 1. It
shows the largest percentage of variance occurs in PC Band 1
and PC Band 2. The PC bands having high variance (PC Band1 and PC Band 2) are used with the NDVI band which repre-
sents the vegetation as bright pixels produce an RGB image
(R: NDVI; G: PC Band 1 and B: PC Band 2) for better map-
ping of vegetation abundance. The resulted image is given in
Fig. 5 in which the vegetation abundance appeared as red
bright pixels for comparison and assessment.
5.4. Minimum Noise Fraction (MNF)
MNF is used to determine the inherent dimensionality of
image data, to segregate and equalize the noise in the data,
and to reduce the computational requirements for subsequent
processing. It is widely accepted and used as a step in the pop-
ular image processing techniques for hyperspectral image
(Kruse et al., 2003). Here, all four spectral bands were ana-
lyzed by MNF to ﬁnd the inherent dimensionality of data.
The processed MNF band images are given in Fig. 6. The basic
statistics of analysis are given in Table 2, which shows the data
in MNF Band 1 and MNF Band 2. The comparison of PCA
image (Fig. 4) with the result of MNF image (Fig. 6) shows sig-
niﬁcant differences in the area of vegetation among the bands
which are due to the percentage of variance in PC band and
the variation in the inherent dimensionality in MNF data the
bands. The MNF bands having high inherent dimensionality
(MNF Band 1 and MNF Band 2) are used with the NDVI
band which represents the vegetation as bright pixels produce
an RGB image (R: NDVI; G: MNF Band 1 and B: MNF
Band 2) for better mapping of vegetation abundance. The
resulted image is given in Fig. 7 in which the vegetation abun-
dance appeared as red bright pixels for comparison and
assessment.
5.5. Parallelepiped Image Classification
It uses a simple decision rule to classify multispectral data. The
decision boundaries form an n-dimensional parallelepiped clas-
siﬁcation in the image data space. The dimensions of the par-
allelepiped classiﬁcation are deﬁned based upon a standard
deviation threshold from the mean of each selected class. If a
pixel value lies above the low threshold and below the high
threshold for all n bands being classiﬁed, it is assigned to that
class. If the pixel value falls in multiple classes, ENVI assigns
the pixel to the last class matched. Areas that do not fall within
any of the parallelepiped classes are designated as unclassiﬁed.
The image processed under this classiﬁcation using knowledge
based class (52 pixels, set with the maximum standard devia-
tion from mean of 3) discriminated the vegetation (Fig. 8),
which is comparable to the results of band ratio and NDVI
(vegetation as bright pixels) and the derived image of PCA
and MNF. The classiﬁcation shows the region of vegetation
occurrence is about 0.722 km2 in the total area of
11.436 km2. The unclassiﬁed image is 10.714 km2.
In this method, the classes for vegetation were selected from
the information generated by ground-truthing. On-screen dig-
itizing of classes over the display of enhanced image compos-
ites are implemented and ﬁve classes of signature ﬁles are
generated. Signature evaluation was done to examine the spec-
tral properties of individual training sample class and its sepa-
rability over others. The statistics contained in the signature
ﬁle aid in determining whether the classes are ‘‘good” (no or
little overlap) in terms of their separability in the
Figure 3 Vegetation in SQU environment as bright pixels classiﬁed by (a) band ratio b4/(b2 + b3) and (b) NDVI. The pixels for band
ratio and NDVI images are scaled from 0 to 1.
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Figure 4 PCA image (a) PC Band 1, (b) PC Band 2, and (c) PC Band 3 show the vegetation in dark color and the (d) PC Band 4 with
noise. The pixels of the images are scaled from 0 to 1.
Table 1 Results of basic statistics of principal component bands.
Basic Stats Min. Max. Mean St. dev. Num. Eigen value
PC Band 1 575.778015 3709.252441 0.000000 138.441851 1 19166.146241
PC Band 2 706.333984 378.979523 0.000000 45.727954 2 2091.045793
PC Band 3 287.347198 115.730644 0.000000 17.894535 3 320.214377
PC Band 4 81.441902 73.209076 0.000000 4.127872 4 17.039323
302 S. Rajendran et al.multi-dimensional attribute space. The Envi 4.8 software pro-
vided various signature separability assessment tools, e.g. his-
tograms, ellipses, descriptive statistics, error matrix and
divergence measures, were utilized.
5.6. Linear spectral unmixing
In digital satellite data image classiﬁcations, the traditional
supervised image classiﬁers are used to derive vegetation
map from digital image assign pixels individually to a singlepre-deﬁned target vegetation class, and run in difﬁculties when
dealing with mixed pixels. Spectral mixture analysis addresses
this problem by unmixing (deconvolving) each pixel spectrum
into fractional abundance of its surface constituents or end
member spectra (Van der Meer, 1995). Spectral unmixing tech-
niques have been frequently and successfully applied for vege-
tation mapping and known vegetation fractions to estimate
fractional vegetation cover (Xiao and Moody, 2005). This
approach is reliable and efﬁcient (Garcıa Haro et al., 1996;
Hurcom and Harrison, 1998; Elmore et al., 2000). Use of
Vegetaon 
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Figure 5 RGB image (R: NDVI, G: PC Band 1, B: PC Band 2) shows the vegetation (red) in SQU environments.
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of materials that are depicted in multispectral or hyperspectral
imagery based on the materials’ spectral characteristics. The
reﬂectance at each pixel of the image is assumed to be a linear
combination of the reﬂectance of each material (or endmem-
ber) present within the pixel. The number of endmembers must
be less than the number of spectral bands, and all of the end-
members in the image must be used. Thus, the spectral unmix-
ing results are highly dependent on the input endmembers;
changing the endmembers changes the results. Here, the end-
members derived from parallelepiped classiﬁcation are used
in the spectral unmixure analysis of PCA (uncorrelated output)
bands. The result of analyses is given in Fig. 9a (RGB image,
R: unmix 460; G: unmix 52; B: RMS error). Furthermore, we
processed the MNF image data which show inherent dimen-
sionality by spectral unmixing analysis and developed a
RGB image (R: unmix 460; G: NDVI; B: RMS error) with
the NDVI bright pixels to identify vegetation abundance.
The result is given in Fig. 9b.6. Results and discussion
As described above, a series of RGB color composites were
developed for the study of vegetation abundance in SQU.
The accuracy of evaluation of classiﬁcation results were done
by visual comparison and qualitative assessment of the classi-
ﬁed images and conﬁrmation with the ﬁeld checking. The com-
parison of band ratio b4/(b2 + b3) (Fig. 3a) image with the
NDVI image (Fig. 3b) shows no signiﬁcant differences. How-
ever, the slight brightness differences in the area of vegetationobserved in NDVI image is due to the selection of absorption
bands. The results of statistics and visual analysis of PCA and
MNF determined more representative components for inter-
pretation and analyses. The Eigen values of PCA (Table 1)
shows the high variance of concentration in visible bands that
is in PC Band 1 about 89% of the total variations and the PC
Band 2 about 10% of the total variation of information. The
predominant noises are noted in PC3 and PC4 (Fig. 4). In
MNF analysis, the contribution related information in MNF
Band 1 is about 54.5 % (Eigen values in Table 2) and in the
MNF Band 2 is about 36.8%. The information gathered in
MNF Band 2 is more compared to the PC Band 2. The image
information related to these bands can be interpreted from
Figs. 4 and 6. The noises are in MNF Band 3 and MNF Band
4 (Fig. 6). To better interpret the vegetation abundance, the
representative bands determined by PCA and MNF are used
with the bright pixels NDVI image and produced the RGB
color composite images (Figs. 5 and 7).
Visually interpretable good results on vegetation abun-
dance are reached mainly by the combinations involving the
NDVI, PC Band 1 and PC Band 2 (Fig. 5) and the NDVI,
MNF Band 1 and MNF Band 2 (Fig. 7). This is due to the pro-
cessing of bright pixels (NDVI) with the uncorrelated output
bands of PCA and the inherent dimensionality data (MNF
bands). The RGB image developed by linear spectral unmixing
bands of PCA and MNF with NDVI image (Fig. 9a and b) dis-
criminated best to interpret the occurrence, abundance and
spatial distribution of trees, plantations and vegetation in the
green (Fig. 9a) and cyan (Fig. 9b) by pixel unmixing contrast.
The image exhibits the paddy ﬁeld in the ﬁne texture and
bright tone and the plantation of date tree shows coarse
01
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Figure 6 MNF image (a) MNF Band 1, and (b) MNF Band 2 show the vegetation in dark color and the (c) MNF Band 3 and (d) MNF
Band 4 with noise. The pixels of the images are scaled from 0 to 1.
Table 2 Results of basic statistics of MNF bands.
Basic Stats Min. Max. Mean St. dev. Num. Eigen value
MNF Band 1 86.828873 234.140701 0.000000 15.774009 1 248.819372
MNF Band 2 197.414139 65.584312 0.000000 12.956824 2 167.879301
MNF Band 3 105.651695 69.816490 0.000000 4.856406 3 23.584682
MNF Band 4 56.770958 86.959175 0.000000 3.958188 4 15.667253
304 S. Rajendran et al.texture and regular pattern (Fig. 9a and b). The plantation of
tree along the foot path and shuttle road, and the seasonal
ﬂowering within the building constructed area are bright spot-
ted and well discriminated. The pixel information on vegeta-
tion extracted from image depends on the concentration of
photosynthetic pigments like chlorophyll-a, chlorophyll-band carotenoids, and photo protector or color pigments like
carotenoids and anthocyanin in different proportions in the
trees and vegetation. Geoeye-1 sensor is able to differentiate
their concentrations between mature or old and youth stage
of trees or vegetation viz. strong spectral absorptions due to
high concentrations in the mature or old stage and high
Vegetaon 
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Figure 7 RGB image (R: NDVI, G: MNF Band 1, B: MNF Band 2) shows the vegetation (red) in SQU environments.
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Figure 8 Vegetation in SQU environment discriminated by Parallelepiped Image Classiﬁcation.
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Figure 9 (a) PCA linear unmixed RGB image (R: unmix 460; G: unmix 52; B: RMS error) and (b) MNF linear unmixed RGB image (R:
unmix 460; G: NDVI; B: RMS error) show the vegetation in green and cyan.
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Figure 10 Variations in spectral absorption and reﬂection on leaf of vegetation in parts of SQU campus due to concentration of
photosynthetic pigments.
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Also, the spectral behavior is due to the series of factors such
as the soil, terrain topography, heatstroke, readiness of water
and the own rocky substratum that inﬂuence the growth of
tress, plants and vegetation in and around SQU. The appropri-
ate interpretations of these images are based on tonal con-
trasts, always associating the textural data and topographical
and ﬁeld observations. Filed study shows that the systematic
plantations occurred in SQU. The aged trees are found in
the older section of the SQU and are healthy (Fig. 11a). The
seasonal plantations are developed well and receiving attrac-
tions (Fig. 11b). All are monitored and maintained well by
SQU. The monitoring of vegetation is mainly by providing
of regular water by water droplet method and timely nutrients
and fertilizers (Fig. 11c). The maintenance of plantations is
observed by cleaning, removing of older parts, plugging of
land and new plantations (Fig. 11d). At few places, the scarcity
of vegetation growth is observed due to infertility of soil. It is
recommended for replantation by new species in older sections
of SQU. The observation of interpreted image may enlighten
the responsible to assess: (1) the information on the vegetation
occurrences and abundance (2) the new area wish to develop
and (3) the area wish change or modify, in order to keep the
very good healthy environment in and around of SQU.
6.1. SQU environment since 1986
Landsat satellites have the longest history and widest use for
monitoring the earth environments. Since the ﬁrst Landsat
satellite was launched in 1972, a series multispectral sensors,
named TM and ETM+, have been added ranging from Land-
sat 4 (1982), 5 (1984), 6 (1993, failed to attain orbit duringlaunch) to 7 (1999) (Enhanced Thematic Mapper Plus, ETM
+). The imaging sensors have archived millions of images with
a nearly continuous record of global land surface data. Land-
sat provides medium to coarse spatial resolution images. For
example, Landsat ETM+ imagery has a spatial resolution of
30 m for the multispectral bands and 60 m for the thermal
infrared band.
Landsat products have been applied in vegetation mapping
mainly at regional scales. It is very helpful to map long-term
vegetation cover and study the spatiotemporal vegetation
changes. For example, nearly 20-year continuous Landsat
TM/ETM+ image datasets (19 images) covering western Ore-
gon were used to detect and characterize continuous changes
in early forest succession (Schroeder et al., 2006). Landsat
TM images, striding a long period of time from 1986 to
2002, were used to conduct quantitative analyses of wetland
landscape patterns and their dynamic changes in the estuary
of the Minjiang River (Zheng et al., 2006). The Landsat
MSS, TM and ETM satellite data acquired during the years
1986, 1987, 1990, 2000, 2005 and 2011 (no corrections applied,
Fig. 12) show a noteworthy pattern of differences in the occur-
rences and spatial distribution of vegetation in and around
SQU. The visual interpretation shows that the gradual
increases in vegetation in and around SQU from 1987 to date
due to monitoring and maintenance of plantations by the SQU
and the government organizations. The area with major
changes was observed around 1990. The features poorly
appeared because of the relatively coarse spatial resolution
(Pape and Franklin, 2008; Verbesselt et al., 2010). The latest
map in parts of SQU (Fig. 13) produced by SQU Administra-
tion during 2011 virtually shows the present day development
in its environment.
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Figure 11 Field photograph shows (a) healthy trees and vegetation, (b) seasonal ﬂowering plantations, (c) watering to plantations and
(d) maintenance of trees.
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d e f
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Figure 12 Landsat TM and ETM RGB image shows the spatial distribution and development of vegetation (red in color) in and around
SQU environs during (a) 15th January, 1986; (b) 18th January, 1987; (c) 30th August, 1990; (d) 28th October, 2000; (e) 27th January, 2005
and (f) 27th October 2011.
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Figure 13 Shows the present day green development in parts of SQU environments.
Table 3 Results of accuracy assessment for the distribution of
vegetation of the study area.
Confusion
matrixes
Producer’s
accuracy
(%)
User’s
accuracy
(%)
Overall
accuracy
(%)
Kappa
Coeﬃcient
Parallelepiped 100 100 100 1.00
Spectral Angle
Mapper
96.15 100 83.98 0.50
Spectral
Information
Divergence
74.13 100 76.75 0.40
Vegetation analysis study in and around Sultan Qaboos University, Oman, using Geoeye-1 satellite data 3097. Accuracy assessment
Apart to the above analyses, a study of confusion matrix is
carried out to assess the accuracy for the occurrence and
spatial distribution of the vegetation using Geoeye-1 data by
parallelepiped, Spectral Angle Mapper (SAM), and Spectral
Information Divergence (SID) algorithms (El Janati et al.,
2014; Rajendran and Nasir, 2015). The confusion matrixprovides the accuracy of a classiﬁcation result by comparing
a classiﬁcation result with ground truth information as ground
truth image or ground truth ROIs. The procedure results over-
all accuracy, Kappa Coefﬁcient, producer and user accuracies,
and errors of commission and omission (Envi 4.8). Since the
library and ﬁeld spectra were not acquired under the same con-
ditions of satellite image and the image endmembers are
directly associated with surface components detectable in the
scene, we studied the spectral absorption characters of the
spectra extracted (Fig. 2), and used ground truth ROIs for
accuracy assessment in this study.
In brief, the parallelepiped algorithm uses a simple decision
rule to classify multispectral data. The decision boundaries
form an n-dimensional parallelepiped classiﬁcation in the
image data space. The dimensions of the parallelepiped classi-
ﬁcation are deﬁned based upon a standard deviation threshold
from the mean of each selected class. If a pixel value lies above
the low threshold and below the high threshold for all n bands
being classiﬁed, it is assigned to that class. If the pixel value
falls in multiple classes, ENVI assigns the pixel to the last class
matched. Areas that do not fall within any of the paral-
lelepiped classes are designated as unclassiﬁed (Richards,
1999). SAM is a supervised classiﬁcation algorithm based on
statistical techniques and is dependent on the cluster identiﬁca-
tion of the image. The algorithm determines the spectral
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between the spectra and treating them as vectors in a space
with dimensionality equal to the number of bands (Yuhas
et al., 1992; Kruse et al., 1993; Rajendran and Nasir, 2015).
Here, the smaller angles represent closer matches to the refer-
ence spectrum and the pixels further away than the speciﬁed
maximum angle threshold in radians are not classiﬁed. SID
is a spectral classiﬁcation method that uses a divergence mea-
sure to match pixels to reference spectra. The smaller the diver-
gence, the more likely the pixels are similar. Here, the pixels
with a measurement greater than the speciﬁed maximum diver-
gence threshold are not classiﬁed. SID improves the accuracy
of the estimate of endmember abundance used in optimal clas-
siﬁcation (Xu and Zhao, 2008; El Janati et al., 2014; Rajendran
and Nasir, 2015).
In this study, the maximum standard mean deviation 3 is
used in the parallelepiped algorithm, the maximum angle of
radians 0.10 is chosen in SAM and the maximum divergence
threshold 0.050 is applied in SID and processed for the accura-
cies. The results of confusion matrixes (Producer’s and User’s
accuracies of algorithms) are given in Table 3. It shows the best
overall accuracy of 100% and the Kappa Coefﬁcient of 1 pro-
duced by parallelepiped algorithm while compared to the SAM
and SID which provided the overall accuracies of 83.98% and
76.75% and the Kappa Coefﬁcients of 0.50 and 0.40 respec-
tively. All algorithms produced the User’s accuracy of 100%
and the Producer’s accuracy of parallelepiped algorithm is
100% (Table 3). The best result is obtained by the paral-
lelepiped algorithm and the identiﬁcation of the vegetation is
due to the presence of distinct compositions in the vegetation.
8. Conclusion
The study on vegetation abundance in and around SQU was
carried out using different image analyses viz. band ratioing,
parallelepiped, Normalized Difference Vegetation Index
(NDVI), Principal Component Analysis (PCA), Minimum
Noise Fraction (MNF) and linear spectral unmixing proved
to assess the information on the vegetation occurrence and
abundance. Among which, the RGB image developed by linear
spectral unmixing bands of PCA and MNF with NDVI image
discriminated best to interpret the occurrence, abundance and
spatial distribution of trees, plantations and vegetation in
SQU. The study of accuracy assessment using the paral-
lelepiped, SAM and SID algorithms for the occurrence and
spatial distribution of vegetation provided the best overall
accuracy of 100% with Kappa Coefﬁcient = 1 in the matrix
of the parallelepiped algorithm while compared with the
SAM and SID algorithms. Filed study shows that the aged
trees are found in the older section of the SQU and are healthy
and the seasonal plantations are developed well which are
monitored and maintained by SQU. The image processing
techniques applied on multispectral data and the ﬁeld checking
are useful for vegetation abundance analysis of the study area
and there no conﬂict in this study.
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